ABSTRACT This paper proposes a reliability-oriented stochastic aggregated integer linear framework for full observability of the automated distributed systems based on the µ-synchrophasor units. The µ-synchrophasor unit as a newly introduced high-tech device makes it possible for an accurate and highspeed measurement of the voltage and current waveforms in the distribution systems. This paper proposes a multi-stage strategy for the µ-synchrophasor unit placement together with the communication system requirements in the reconfigurable distribution systems, considering the zero-injection constraints in the model. To determine the optimal topology at the end of each phase, a reliability-based cost function is developed to optimize the customer interruption costs and power losses simultaneously. In order to model the uncertainties of forecast error in the active and reactive load demands as well as the failure rate and repair rate parameters, a stochastic framework based on the fuzzy cloud theory is employed. The proposed bi-level mixed integer linear programing approach is used to co-optimize the network switching scheme as well as the optimal µ-synchrophasor positions and communication infrastructure costs in the same framework. The simulation results on a practical test system verify the observability of the automated reconfigurable distribution system during the reconfiguration process.
INDEX TERMS µ-synchrophasor measurement unit, uncertainty, reconfigurable automated grids, visibility, optimization.
SETS/INDICES

A i
Set of busses next to zero-injection bus i L /lm, mn Set/indices of distribution lines B /m Set/index of all buses BZ /i Set/indices of zero-injection buses C /j Set/indices of cloud drops in the cloud model T /t Set/indices of µPMU placement phases
S t
Set of buses considered for µPMU placement at phase t k /k Set/indices of unobservable buses λ Index of piecewise linearization segments
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CONSTANTS a i,j
Binary constant in the connectivity matrix of the system b Unit vector of length N C Ploss Cost of power losses C OP Cost Full observability and improved visualization of distribution systems are key solutions for the long term system monitoring, event analysis and dynamic model validation. To this end, power systems use straight state estimators for monitoring a set of measurements, such as bus voltage, active and reactive power flow in the lines and current injections, to estimate the system voltage phasors. The measurements obtained by the remote control units, are sent to the supervisory control and data acquisition (SCADA) system for real-time analysis of the system. With the progress of technology, the idea of a global positioning system (GPS) creates an opportunity to improve the measurement system such that it comprises time synchronized phasor measurements offered by phasor measurement units (PMUs) [1] - [2] . The growing number of PMUs at substations can improve the performance of diverse crucial functions, including the monitoring, control, protection, and management of multi-systems [3] . The idea of PMU has been widely studied and discussed as it pertains to transmission systems, which an appropriate review addresses in [4] . Along with the wide use of this device in transmission systems, the advent of micro-synchrophasors (also called µPMUs) can provide similar-in fact, even more-benefits in distribution systems. From the technical point of view, a µPMU is a high precision phasor measurement unit that can record, store and send the voltage and current phases of a distribution system in real time [5] . Nevertheless, in comparison with a transmission system, distribution networks are more complicated in several aspects [6] : 1) voltage angle differences among the buses on a distribution grid may be up to two orders of magnitude smaller than those on a transmission grid; 2) measurements incorporate higher noise levels, making it harder to find the correct angle signal; 3) the capital costs for setting up PMUs on a distribution network must be far lower to make it economical as compared to a transmission system. The advent of µPMUs, which have a lower cost than traditional PMUs, makes it possible to close the last loop in the distribution system for monitoring and controlling these smart networks. Closing this loop allows for faster-than-real-time monitoring and control of the distribution system, which aims at keeping the system secure when providing full observability of the system state. In addition, real-time fast µPMUs can track fast transients with a high sampling rate (up to 512 samples per second given the current technology of µPMUs at 60 Hz power).
Installation of µPMU in the grid can make a varities of benefits including but not limited to islanding detection, topology authentication, phase recognition and balancing, state estimation, reverse power flow detection, protection backup, fault allocation, and fault type detection [6] . While publications on µPMUs are few and the research is still in its early stages, most of the recent works emphasize advocating for this new technology for the benefit of distribution systems. These works either investigate the role of µPMUs in the state estimation of the distribution system [7] or encompass fault allocation in a network using µPMUs [8] , [9] , which is, of course, a significantly harder task in the distribution system in comparison with the transmission system. Also, the role of µPMUs in topology detection of microgrids is investigated in [10] .
Although the above works have provided valuable results to clarify the significant role of µPMUs, the research in this area is still at the early stages, especially in comparison with the rich literature on PMUs in transmission systems. This paper aims to address the optimal placement of µPMUs in automated reconfigurable distribution systems in the uncertain environment. This is a challenging issue due to the fact that most smart distribution systems are equipped with remotely controlled switches (RCSs) making it possible for topology reconfiguring [11] and thus part of the system may become unobservable after switching. An optimal network reconfiguration is a precious and strategic tool, which can improve the system status through the control of some RCSs, including tie (generally open) and sectionalizing (generally closed) switches. In the literature, the valuable role of reconfiguration in power loss reduction [12] , voltage profile boost [13] , load balance amending [14] , reliability enhancement [15] , and emission reduction [16] are discussed. In [17] , the hourly reconfiguration of automated grids is assessed considering protection devices. The objective function incorporates the cost of distributed generations, cost of losses, cost of demand response and cost of switching. In [18] , a robust method is developed to assess the impact of reconfiguration and distributed generations on the distribution system state estimation. Their method is constructed based on a heuristic algorithm and a saturation analysis to solve the problem. In [19] , a stochastic prediction control model is suggested to operate the distribution system considering the dynamic reconfiguration. The influence of energy storages and demand response on the hourly reconfiguration is assessed too. In [20] , the reconfiguration strategy effects on the optimal operation and charging/ discharging scheduling of electric vehicles are assessed. In [21] , a stochastic method based on point estimate is developed to model the uncertainties existing in the load demand and its effects on the reconfiguration of the automated grids. Kong et al. [22] investigate the role of reconfiguration on the coordination of overcurrent relays and superconducting fault current limiters. It is stated in their work that any protection scheme ignoring the reconfiguration role cannot be effective and may not show an appropriate performance. These research works advocate the fact that it is not possible to implement optimal µPMU placement while ignoring the reconfigurable structure of the smart grids. This is mainly due to the fact that µPMUs provide a collection of voltage phasors at the nodes where they are installed, as well as at the current phasors in all branches adjacent to the installed buses. This concept can be affected when the topology of the network is changed through the reconfiguration process. From a measurement assignment point of view, this means that it is not an optimal scheme to allocate µPMUs without considering the reconfigurable structure, and is more a waste of money by leaving part of the network unobservable.
Based on the above explanations, this paper addresses the optimal placement of µPMUs in reconfigurable smart grids including the communication infrastructure (CI) costs. The proposed method is constructed based on a bi-level integer linear programming (ILP). In the first level, a new accurate optimal operation model is proposed to solve the reconfiguration strategy by optimizing an aggregated objective function that incorporates the power losses cost and customers' interruption costs. Here a novel linear power flow model is also developed which does not need any binary variable in the linearization part. In the second level, the optimal allocation of µPMUs along with the µPMUs installation and CI costs are optimized such that the system will remain observable. In addition to the minimal set of µPMUs that are determined to make the grid observable, the proposed ILP considers the zero-injection buses to reduce the number of required µPMUs in the system. Zero-injection buses, which are equivalent to transshipment nodes, have the capability of decreasing the number of µPMUs necessary for full system observability. In order to distribute the initial capital cost of the µPMUs (including communication facilities), the placement of the µPMUs is implemented in a staging approach in different phases of the planning time horizon. In order to model the uncertainties of active and reactive loads, as well as the failure rate and repair rate of the elements, a stochastic framework based on fuzzy cloud theory is introduced. In contrast to the Monte Carlo model which can only model the randomness in the uncertain parameter mean value, cloud theory makes it possible to model both the mean value and standard deviation parameters randomness in a proper and efficient way. This is a significant issue since there are little information available in the distribution systems' components. Such a novel idea is brought to the reality by using the cloud drops and fuzzy concepts [23] . To summarize, the main contributions of this work are as follows: 1) proposing a multi-stage µPMU placement method for full observability of reconfigurable automated grids incorporating the installation and CI costs, 2) developing a reliability-oriented stochastic framework based on fuzzy cloud theory for solving the reconfiguration problem, 3) proposing a new ILP model to determine the optimal switching status during the reconfiguration and 4) developing a new binary-free linear power flow for distribution systems. The performance of the proposed method is examined on the IEEE standard test system. The rest of this paper is organized as follows: Section II explains the optimal µPMU placement using ILP. Section III describes the reconfiguration problem formulation in automated grids. Section IV states the stochastic optimization framework based on fuzzy cloud theory. Section V explains the multi-stage placement of the µPMUs in reconfigurable distribution grids. The simulation results are described in Section VI. Finally, the main conclusions are presented in section VII.
II. INTEGER LINEAR PROGRAMMING FOR MICRO-SYNCHROPHASOR PLACEMENT PROBLEM
This section first introduces a linear model for µPMU placement to make the system fully observable when meeting its required CIs, simultaneously. This is followed by an extension, which is made to consider the zero-injection buses constraint in the ILP model. Finally, the phasing and failure of the µPMUs are explained at the end of this section.
A. µPMU PLACEMENT FOR FULL OBSERVABILITY
A µPMU located at a bus can measure the voltage phasor at the same bus as well as the current phasors in all branches connected to that bus, assuming that the µPMU has enough channels. Owing to the economic considerations, µPMU placement optimization aims to find the minimal set of µPMUs such that all buses are observable. To describe this method, let us consider an N -bus system with a set of µPMUs defined by a position vector X , within which x m VOLUME 7, 2019 denotes whether a µPMU is installed on the m th bus, as:
Considering ω as the weight (cost) designated for the placement of a µPMU at a bus, the weighted minimum µPMU placement problem is formulated as below:
Eq. (2) is optimized by meeting the below constraint:
where b is a unit vector of length N :
Also, A is the binary connectivity matrix of the system with elements a m,n :
a m,n = 1; m = n OR m and n are adjacent buses 0; Otherwise (5)
B. ZERO-INJECTION BUSES
In observability analysis, zero-injection refers to the transhipment buses of the system wherein no current is injected. By modeling the zero-injection buses in the problem, the number of µPMUs can be reduced. In other words, the presence of zero-injection buses helps to reduce the number of µPMUs required to observe the system. The way to model zero injection buses in the ILP method is based on the following concepts: 1) Unobservable buses, if any, must be a member of the cluster of zero-injection buses or buses neighboring the zero-injection busses.
2) For zero-injection bus i, define A i as the set of busses next to bus i. Let k = ∪{i}. Then, the number of unobservable buses in each group, defined by set k (i.e., zeroinjection bus-i and its adjacent buses) is at most one. The zero-injection constraint can be modeled in the problem by defining u m as the observability of the m th bus as follows:
The problem constraints are then:
In which:
It is worth noting that u m = 1 means that bus m is observable and u m = 0 means that bus m is unobservable.
C. STAGING IN µPMU PLACEMENT
One significant issue in µPMU placement is phasing or staging of installation of µPMUs in the system. This constraint is necessary due to the financial limitations for the installation cost of µPMUs, which includes the cost of the µPMU itself, cost of communication, cost of infrastructure, etc. This means that µPMU placement is done in different stages (times) and not in only one stage. With the purpose of considering the problem of staging placement of µPMUs, the minimum number of µPMUs for making the system fully observable is assumed to be α 0 . This number is evaluated by solving the µPMU placement problem as described in Parts A and B. The set of buses considered for µPMU placement are assumed to be S . Considering T steps for µPMU placement by the set T , α k µPMUs are installed at time t, meaning that staging over T time horizons requires solving T − 1 optimization problems. The objective function is to maximize the number of buses made observable by the placement of α t µPMUs at each stage t:
The constraint of incomplete observability, caused by the availability of fewer µPMUs than the minimum number required, is modeled as follows: 
D. LOSS OF µPMUs
In the context of measurement, it is always possible that one or more of the µPMUs will be lost due to failure. Therefore, to enhance the reliability of the monitoring process, the µPMU placement can be done such that each bus is observed by two µPMUs. Therefore, the loss of one µPMU will not result in the loss of system observability. In practical studies, this choice can be ignored due to the high measurements cost. In observability analysis, the concept of µPMU failure can be represented by modifying the right side of (3) as below [2] :
Due to the high costs and the low happening possibility of this constraint, it is not considered in the simulation results. It is only mentioned here for the case that is needed in the simulations.
E. COMMUNICATION INFRASTRUCTURE COSTS
So far, the µPMU is formulated for making the system observable when meeting some practical constraints. Nevertheless, the optimal placement of µPMU needs to consider the economic aspects of the problem including the cost of µPMUs (including its installation cost) and the CI costs. In general, the CI technologies can be classified into two groups [24] : 1) dependent technologies and 2) independent technologies. As it can be inferred from the name, the dependent technologies are part of the power system such as power line communication (PLC) and optical power ground wire (OPGW). On the opposite, the independent technologies do not necessarily belong to the power system and are available to all users as open sources such as wireless or satellite media. Therefore, since the dependent CI technologies belong to the power system, they can be considered and optimized in the µPMU placement problem as additional costs. According to the above explanations, a dependent communication system for µPMU operation requires particular types of dependent technologies such as OPGW to satisfy the communication needs. The price of OPGW depends on the length of the transmission media which can differ according to the installation location. Therefore, the µPMU allocation problem needs to consider the total cost of µPMUs, their communication links and their installation costs. Therefore, the objective function can be considered as follows [24] :
In the above equation, the first term refers to the µPMU costs including the number of µPMUs and their installation costs, and the second term stands for the total cost of OPGW links and their live line installation costs. The cost of µPMU can be calculated as explained in the last parts. The cost of OPGW is calculated as follows [24] :
III. PROPOSED OPTIMAL RECONFIGURATION FORMULATION
This section explains the reconfiguration strategy formulation, including the automated distribution system modeling and objectives. The complete formulation for an automated distribution system with the switching capability is provided in (19)-(31) . These show a linear structure for optimal reconfiguration of distribution systems based on a recursive formulation as shown in Fig. 1 . In order to see the accurate AC limitations in the power flow of the system, the active and reactive power balance equations are guaranteed by (19) - (20) . In (21)- (22) , the Kirchhoff's voltage law (KVL) is applied to each line to meet the voltage drops. Here the auxiliary variable V mn is used to show the switching process such that V mn gets zero if line mn is switched on. In the case that line mn is switched off, V mn can get any positive/negative value depending on the direction of voltage collapse, whether m or n are the sending or receiving buses. Each bus can get a voltage value limited to its allowed range due to the technical limits as shown in (23) . Similarly, the variable V mn is limited to a specific range as in (24) . Due to the thermal limits, in (25) , the amount of power flow in each feeder is limited to maximum power capacity. Equations (26) and (27) ensures that the amount of power exchange between the distribution system and the upper-grid does not exceed the maximum power capacity (this may arise due to the transformer limits or feeders' capacities). As mentioned before, the network radiality should be preserved during the reconfiguration process. Equations (28)- (31) guarantee the network radiality. It should be noted that the variable w L mn shows the distribution line status. Also, a set of fictitious current flows (denoted by θ ) are defined to keep the grid structure as radial and at the same time avoid formation of any islanded bus in the grid.
While the above equations model the optimal operation of automated reconfigurable distribution systems, the existence of some nonlinear terms will result in a mixed-integer nonlinear programming problem. In order to guarantee the optimal solution of the problem, we propose a linearization approach to make the above formulation linear. As it can be seen from the above equations, (19)- (22) can cause nonlinearity in the problem. In order to linearize them, some new variables are defined as follows:
Based on the above new-defined variables, (19) - (24) need to be rewritten as follows:
Using the above replacement in equations, (19)-(21) are linearized. The only remained nonlinear term is (37) which needs a further linearization which is proposed here. The left side of (37) u m f L mn as a bilinear term can be approximated as follows:
The right-side of (37) includes two quadratic terms P L mn 2 and Q L mn 2 which are linearized using a relaxed piecewise linearization approach as below:
Here, p L mn and q L mn are some auxiliary continuous variables; and α L λ , β L λ , and η L λ are the linearization parameters. The unique feature of the proposed linearization model is that it does not need to any binary variable which can increase the computational burden efforts, severely. The conceptual illustration of the proposed linearization method is provided in Fig. 2 . According to this figure, the distance of zero to V I L is divided into segments. For each segment λ, a line with the intercept of β L λ and slope of α L λ is fitted. This set of lines will make an envelope which is exploited for approximating the quadratic terms.
A. OBJECTIVE FUNCTION
Various objectives are proposed for the reconfiguration of distribution systems in literature [25] , [26] . Both of them advocate the use of a reconfiguration solution for mitigating the cost of the system in the form of power losses, reliability costs or power supply costs. Therefore, this paper considers an aggregated cost function that includes the power losses' cost, as well as the expected customer interruption costs. This objective function provides an appropriate balance between the power losses and reliability costs. It is shown in the literature that this target can improve all the other reliability indices of the distribution system (such as SAIFI, SAIDI, AENS, ASUI, etc.) when improving the voltage profile in the buses with weak voltage [15] . This cost objective function is formulated as below:
The first term in (17) calculates the cost of active power losses as follows:
The second term in (48) shows the expected customer interruption costs (ECOST). This part estimates the expected economic losses due to power failure in the consumption side and is assumed to be a significant data in the planning and operation of distribution systems. Having ECOST will help network planners estimate the necessary reliability level for customers, supply economic defenses for investing in network reinforcement and redundancy provision, discover weak points in the electric grid, develop proper maintenance scheduling, and reveal practical and realistic operation and planning policies [15] . In order to calculate the ECOST objective, the load point reliability indices are needed first. This includes the average failure rate γ S , the annual system outage time U S , and the average outage time r S , are required:
The ECOST for the m th bus can be calculated as shown below:
Also, C m as the interruption cost at m th bus in ($/kW) is a function of the interruption duration time. This parameter is evaluated using the composite customer damage function (CCDF). The total network ECOST is calculated as follows:
IV. STOCHASTIC FRAMEWORK
This section develops a stochastic framework modeling the uncertainty effects. It is followed by an explanation of fuzzy cloud theory as a tool for producing a stochastic load flow.
A. STOCHASTIC LOAD FLOW BASED ON FUZZY CLOUD THEORY
The intrinsically random and vague nature of most engineering problems injects a high amount of uncertainty in the results [27] . The forecast error in the active and reactive load values of the power system, along with the usual estimation errors in the failure rate and repair rate of different components, can be a source of a huge amount of uncertainty, which may be problematic if not modeled properly. Monte Carlo simulation method as the most accurate approach in the stochastic group has shown appropriate performance in the modeling the randomness in the mean values of the uncertain parameters. But when it comes to the uncertain parameters with unknown or hard-to-estimate characteristics, it cannot show acceptable performance for a realistic analysis. Therefore, this paper makes use of the fuzzy cloud theory to model the uncertainties existing in both the mean and the standard deviations of the random parameters. A typical normal cloud model [26] .
Fuzzy cloud theory is basically formed on the concept of fuzzy theory and probability concepts [23] . The fuzzy cloud theory makes it possible to bridge between the qualitative concepts and quantitative concepts. Such a mapping from the qualitative concept, let us say language value L in the domain u, to the quantitative concept can be shown as follows:
The mapping C L (x) represents a distribution in the domain u which is known as the membership cloud of L (cloud). In the practical engineering cases like that of this paper topic, the uncertain parameter expected value Ex can be calculated easily. Correspondingly, En reveals the fuzzy level of the random parameter. In a linguistic term, this can be interpreted as Ex bandwidth within which how many drops will fall in. The key power of cloud model is the hyper entropy He showing the diversity of Ex in the form of drop memberships. Such a system shows an entropy-entropy concept making it possible to not only model the uncertainty of the uncertain parameter expected value, but also the uncertainty of its standard deviation parameter. For this case, the hyper entropy He distribution follows a normal one. The process of modeling the uncertainty effects by cloud theory is based on a forward and backward procedure which is explained in the rest. First, a cloud model is generated for each uncertain parameter. Each cloud is made up of several drops (x j , v j ) which can be formed by having the main characteristics Ex, En and He. Here v j is the fuzzy membership value of each drop x j . The process of generating a cloud would be as follows:
Step 1: Create a random normal distribution value En j based on the mean parameter En and hyper entropy He.
Step 2: Create a random normal distribution value x j based on the mean value Ex and the hyper entropy En j .
Step 3: Evaluate the fuzzy membership value v j of the drop as below:
Step 4: Check if all drops are created. So far, a drop (x j , v j ) is created. Steps 1 to 4 are repeated until N number of drops are produced.
Step 5: Calculate the objective function value y j for each drop (x j , v j ). Here the optimization method which is explained in the next section is used to find the optimal value of the objective function.
Step 6: Run the backward cloud operator to find the characteristics of the output variable. By reversing the above process, the cloud model of the output function can be evaluated as follows:
Therefore, one can find the output variable cloud model and how the uncertainty tendency varies for different possible forecast errors.
V. SOLUTION PROCEDURE FOR MICRO-PMU PLACEMENT CONSIDERING RECONFIGURATION
The philosophy of µPMU placement is to control the minimum number of µPMUs at the most optimal locations, ensuring that the whole distribution network remains as a single observable system. Nevertheless, the reconfiguration process can change the grid topology and leave some buses unobservable. In other words, the reconfiguration process can change the topology of the network such that the location set of the µPMUs would not be optimal anymore. In order to overcome this issue, an aggregated method is developed to find the minimal set of µPMUs with optimal locations considering the reconfigurable topology of the network. A prerequisite to the proposed aggregated µPMU placement method is the estimation of the total load demand in the network during the planning time horizon. Fig. 4 shows the load duration curve (LDC) of a typical distribution network, quantized in three load levels with specific time lengths in such a way that the aggregated energy measured by the multiload model equals that of the LDC diagram. Resulting from the quantized LDC in Fig. 4 , the stochastic reconfiguration is solved for each load level. Therefore, the network will experience three main topologies in a year. For each topology, an optimal µPMU placement is solved, and the minimal number and optimal location set of the µPMUs are determined.
In this case, the system will have three different minimal µPMU sets. These minimal sets suggest similar locations for some µPMUs, while suggesting dissimilar locations for the others. From a measurement assignment point of view, there are two solutions to solve this issue: 1) intersection of minimal µPMU sets and 2) aggregation of minimal µPMU sets. The former considers similar µPMU locations and thus may result in incomplete observability in at least one of the switching schemes of reconfiguration; the later considers the union set of µPMUs and will provide observability of the system during the reconfiguration. This concept accounts for the fact that it is not possible to make the system observable with fewer µPMUs than any of the minimal µPMU sets. This paper considers this idea with aggregated µPMU placement sets to provide full observability of the system with reconfiguration.
In order to solve the optimal µPMU placement with the reconfiguration problem, the below steps are implemented:
Step 1: Initialize the algorithm by inputting the system data.
Step 2: Run the proposed recursive formulation in (19)-(53). Calculate the expected cost objective function for each solution (switching scheme). The solution with the minimum value for cost function is stored. Here a stochastic load flow based on fuzzy cloud theory is employed to capture the uncertainties of active and reactive loads, as well as the failure rate and repair rate parameters of components. The cost function includes the total cost of µPMU installation and reconfiguration cost in (18) and (48) as follows:
Cos t = Cos t 1 + Cos t 2 (60)
Step 3: In the new grid topology, solve for the optimal minimal set of µPMUs to make the new network observable after reconfiguration.
Step 4: Check to see whether the phases of the µPMU placement are completed. If they are not completed, go to the next phase and repeat all steps from step 1. Otherwise, go back to step 10.
Step 5: Finish the algorithm and publish the aggregated optimal µPMU sets for each phase of the placement. 
VI. SIMULATION RESULTS
The µPMU placement algorithm is tested on the IEEE 69-bus distribution grid [15] as shown in Fig. 5 . In this figure, solid lines show sectionalizing switches and dotted lines show tie switches as s11-66, s13-20, s15-69, s27-54, and s39-48. The main substation has a circuit breaker and there exists a sectionalizer at the beginning of each feeder. The reliability data for the test grid are provided in [15] . The load curve of the system is considered, as shown in Fig. 4 , with active and reactive load levels equal to a hundred percent, eighty percent, and sixty percent of their peak values in the 1 st , 2 nd , and 3 rd segments, respectively. The time duration for the 1 st , 2 nd , and 3 rd load levels are considered as 40, 285, and 40 days, respectively. The price of power losses in (18) is assumed to be 168 ($/kW.year). It is also assumed that the µPMUs are all of a similar type, so their costs are the same. In this study, the cost of each µPMU is assumed $10,000 [28] . Also, the cost of one kilometer OPGW with its live-line installation costs is considered $1000. In order to compute the distance between the buses, all feeders are assumed to be made of similar conductors. Therefore, the relative distance between the busses can be calculated from the grid admittance matrix with the smallest line being assumed as 1 kilometer.
In the first step, we will try to check the accuracy of the proposed power flow model for different cases. As the most accurate benchmark, the conventional backward-forward sweep power flow is considered to assess the performance of the proposed power flow model. To have a better comparison, four different load levels from 50% to 200% are used to prove the accuracy of the proposed model. The errors in total power losses for different load levels are shown in Table 1 . It can be observed that the resulted errors are negligible. Moreover, taking a careful look at Tables 1 reveals that the accuracy of the proposed linear power flow is almost independent from the system load level.
This part of the simulations focuses on the performance of the proposed stochastic framework to optimize the cost function through the feeder reconfiguration. Since the proposed linear formulation is used in here for the first time in a reconfiguration problem, some comparisons are made to demonstrate its efficiency as compared to the other methods in this area. Initially, the uncertainty effects, as well as the multi-level load model, are ignored to have a fair comparison. Table 2 reveals the simulation results of optimizing the active power loss objective function. The simulation results of other well-known works are provided in this table as well. According to these results, the reconfiguration strategy could reduce the total power losses of the network from the initial value of 225 (kW) to 99.62 (kW) after the reconfiguration. The results in this table show that the proposed model could successfully reach the global solution found by the other wellknown algorithms. The constructive effect of reconfiguration on the buses' voltage profile is deduced from these results too. Table 3 shows the results of optimizing the proposed cost function in (48) in the deterministic framework. It should be noted that here the µPMU allocation I still ignored and thus its corresponding costs (17) is not considered. In order to have a better comparison, the proposed linear model is compared with the genetic algorithm (GA) and particle swarm optimization (PSO) as popular benchmarks in the area. The simulation results show that optimizing the proposed cost function from (48) could improve power losses and reliability costs, simultaneously. The amount of the total cost function is reduced by 62,238.769 ($), down from 189,959.907 ($) before reconfiguration to the optimal value of 127,721.138 ($) after the reconfiguration. This amount of saving in total cost is considerable for a year. Also, it is seen that the linear model could get to a new point which was not discovered by the other algorithms. The fourth column in Table 3 shows the switches status after the reconfiguration. According to the CPU time values shown in the last column of Table 3 , the proposed linear model could solve the reconfiguration problem in the very low time of 1.32 (s). This could be expected owing the proposed linear developed in section III. In fact, in contrast to the heuristic methods which require high iterations to find the optimal solution based on a random search, the proposed linear model can get into the most optimal solution in the very short time.
So far, the simulation results demonstrate the valuable role of reconfiguration and its inevitable role in distribution systems. In the next step, µPMU allocation is considered and the uncertainties of active and reactive loads, as well as the failure rate parameter and repair rate parameter of all feeders, are modeled in the problem. Their values are assumed to be as follows: 4% of the base value for the standard deviation of active and reactive loads, 3% and 4% for failure rate and repair rate, respectively, and 5% for the power loss cost factor (C Ploss ) and the customer interruption cost. Table 4 shows the results of the stochastic framework with uncertainty effects considering µPMU allocation. It should be noted that the µPMU costs (17) are considered here; thus the cost function would be as (60). To provide better understanding, the comparative results of the deterministic framework are provided too. The simulation results show that uncertainty effects has raised the expected value of the power losses, ECOST and the proposed cost function. This increase represents the additional cost, which should be paid for, by having a realistic understanding of the system by incorporating the uncertainty effects. By comparing the system costs in Table 3 with those of Table 4 , it is seen that the total cost has increased reflecting the µPMU costs including the required CI costs. Nevertheless, considering the CI cost could reveal a more appropriate estimation of the grid costs needed for µPMU placement. According to the above results, reconfiguration is a precious strategy that can benefit the distribution systems from both the operation and reliability points of view. With this concept in mind, this part aims to find the minimal µPMU set in the reconfigurable test system. The simulations are implemented for both before and after the reconfiguration. Also, three different cases are defined:
Case 1) minimal µPMU placement. Case 2) minimal µPMU placement considering zeroinjection buses.
Case 3) minimal µPMU placement considering multistaging. Table 5 provides the simulation results of all cases. A comparison between cases 1 and 2 shows that modeling zeroinjection buses in the problem can reduce the minimal number of µPMUs required for full system observability. In case 3, µPMU placement is considered in three stages, with 7, 10 and 8 µPMUs in the first, second and third stages, respectively. Table 6 shows the multi-stage µPMU placement considering the reconfiguration strategy. Given three load levels, as shown in Fig. 3 , the multi-stage minimal µPMU set is first shown for each load level, and then the aggregated minimal set for each stage of µPMU placement is determined in the last columns of Table 6 . In accordance with this table, considering the reconfiguration strategy has raised the number of µPMUs from 25 to 34. In other words, by considering 9 additional µPMUs, the system is fully observable in the presence of reconfiguration. Note that this number of µPMUs is about half of the total number of network buses and provides full topology detection and observability in the system. Finally, Fig. 6 shows the cloud distribution of the total cost function value using the fuzzy cloud model. As it can be seen from this figure, the proposed model can not only help to model the uncertainty of the average value of the uncertain parameter, but also helps to track its tendency due to the uncertainty existing in the standard deviation parameter of the uncertain parameters.
VII. CONCLUSION
This paper proposes a stochastic reliability-oriented framework for making the reconfigurable automated grids fully observable using high speed µPMUs. The proposed method is constructed based on an aggregated ILP formulation to solve the problem. The objective function optimizes the minimal set of µPMUs in different stages of planning, considering the required communication infrastructure costs, zero-injection buses and optimal switching scheme in the reconfigurable system. The reconfiguration problem is solved considering the customer interruption costs and power losses in a stochastic framework based on fuzzy cloud model. The simulation results on an IEEE standard test system verifies that the proposed framework does not only provide the optimal location of µPMUs for system observability, but can also support enhancing the reliability and reducing the power losses. Also, the proposed stochastic optimization, based on cloud theory and linear model shows high capability as an appropriate tool for solving reconfiguration in automated distribution systems with uncertainty effects.
